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Abstract
Moore et al. (2019)’s exploratory study of the predictors of cognitive processing
within massive open online course (MOOC) discussion forums identified a negative
relationship between clout and cognitive processing. Cognitive processing, a category
variable generated by the automated text analysis tool, Linguistic Inquiry Word Count
(LIWC), is made up of six sub-scores (insight, causation, discrepancy, tentativeness,
certainty and differentiation). Clout is a summary variable in LIWC used to understand
the level of confidence in writing (Abe, 2020; Jordan et al., 2019). However, clout is a
nontransparent variable, meaning we do not know the algorithm used to calculate its
value. To better understand clout and increase the specificity of Moore et al.’s findings,
this study examines this negative relationship. A series of linear mixed models were fitted
to evaluate, after controlling for gender, degree and type of post, if the focal relationship
between each sub-score of cognitive processing as the predictor variables and clout
as the dependent variable changed across courses with different pacing (self-paced or
instructor-paced). Next, the focal relationship between each predictor and clout was
examined with or without regard to pacing. Findings showed words classified as showing
discrepancy, certainty or differentiation were negatively associated with clout scores.

We use words to express our thoughts and feelings, and in an educational setting, words are how
we demonstrate our learning. In online learning environments, students spend a significant
amount of time engaging and writing in asynchronous discussion forums (Moore, 2016). It is
in these forums where students have a space to share ideas and interact with each other while
discussing the course content and areas of confusion (Beckmann & Weber, 2016; Kent, Laslo,
& Rafaeli, 2016; Sharif & Magrill, 2015). Examining the transcripts of these asynchronous
discussions can identify the patterns of engagement as well as demonstrations of critical thinking
by students (Hayati, Chanaa, Khalidi Idrissi, & Bennani, 2019).
A technique to examine the types of words being used and identify patterns is known as text
mining (Hayati et al., 2019; Moore, 2019). With text mining approaches, a corpus is examined to
© 2020 British Educational Research Association
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Practitioner Notes
What is already known about this topic?
• While a majority of student-to-student interaction happens in MOOC discussion forums, the volume of text makes it a challenge to analyze and study these interactions.
• The use of computational linguistics analysis can provide insight into a student’s comfort level with the content and confidence in their own knowledge.
• Clout can show the perspective that the author is speaking from‒whether it is from
high expertise or from a more uncertain or less confident position.
What this paper adds?
• Words classified as either discrepancy, certainty or differentiation negatively impact
the demonstration of clout.
• Higher or lower clout scores are not indicative of student performance or ability but
are part of the overall insight into a student’s learning progression and development.
• Because clout measures the level of certainty, posts that are higher in clout may in
turn limit continued engagement within MOOC discussion forums.
Implications for practice and/or policy.
• Understanding the relationship between clout and cognitive processing can lead to
discussion prompts that foster more engagement and interaction.
• Identifying specific types of words to either avoid or encourage within discussion forums can influence the crafting of discussion prompts.
• Instructors and course designers can examine posts after a course and determine
if the prompts are leading to the type of interaction that is most appropriate for the
course.
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find specific words, themes or other patterns that can help to examine the context and content of
that corpus (Hayati et al., 2019; Moore, 2019). While this type of analysis can be an effective way
to measure and understand student engagement and learning within discussion forums, manual analysis is tedious and time consuming (Darabi, Arrastia, Nelson, Cornille, & Liang, 2011;
Dowell & Graesser, 2014; Kovanović, Gašević, Hatala, & Siemens, 2017). This is because content
analysis is a two-step process that first involves reading the information and then, converting
that information into shared meaning (Krippendorff, 2019; Pilny, McAninch, Slone, & Moore,
2019). While this can be manageable with smaller classes that do not generate many discussion
forum posts, it is untenable for large corpus, such as those generated in a massive open online
course (MOOC) that may have thousands of learners engaging within the discussion forum. This
challenge of manual text analysis can be mitigated by leveraging an automated content analysis
tool (Krippendorff, 2019).
Research aim
In a study on pacing within MOOC discussion forums, clout was negatively associated with cognitive processing, perhaps due to the showing of more confidence not fostering as much openness
for discussion (Moore, Oliver, & Wang, 2019). However, one of the limitations of that study is that
clout is a nontransparent summary variable of LIWC. This means that while we can understand
what the scores mean, we have limited information regarding the components (ie, words) that go
into the calculation of the scores. One way to understand clout is by analyzing it alongside a more
© 2020 British Educational Research Association
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transparent variable (Newman, Jones, & Ritter, 2016), in this case cognitive processing. Unlike
the summary variable clout, the cognitive process dimension is made up of specific target words
which can be readily identified by researchers during analysis. In this study, we use the sub-scores
of cognitive processing to help better illustrate the specific meaning of clout and its potential
usefulness in practice.

1

To expand our understanding of the relationship between clout and cognitive processing, we
designed a new study using the same dataset from the study by Moore et al. (2019) to examine
what role the pacing condition and other predictor variables had on the relationship between cognitive processing and clout. Considering the previously found relationships between the cognitive
processing dimension and clout, this study provides a more focused approach to delve deeper in
the specifics of those relationships. Our focal dependent variable is clout, as we are interested
in learning more about this nontransparent summary variable. Clout has been shown to be an
indicator of confidence and comfort level, so we wanted to better understand how clout relates to
specific words in different cognitive processing categories. Thus, with the use of the sub-category
scores of cognitive processing (eg, insight and causation) as the independent variables, a more
nuanced examination of the interplay between the transparent and nontransparent variables of
cognitive processing and clout is rendered possible. Our study answered the following questions:
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1. How will course pacing moderate the focal predictive relationship between each dimension
of cognitive processing (insight, causation, discrepancy, tentative, certainty & differentiation) and clout of post words after controlling for gender, degree and type of posts?
2. Given the moderator effect of course pacing, how will each dimension of cognitive processing
predict clout in two differently paced courses respectively, after controlling for gender, degree
and type of posts?
3. Given no moderator effect of course pacing, how will each dimension of cognitive processing
predict clout regardless of course pacing, after controlling for gender, degree and type of posts?
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Literature review
Massive open online courses (MOOCs) allow global learners to participate in an online learning
environment. Shah (2018) estimated that as of 2017, nearly 81 million students had registered
for a MOOC. These courses are either self-paced or instructor-paced (Moore et al., 2019) and are
primarily classified as either a cMOOC or an xMOOC (Bonk, Lee, Reeves, & Reynolds, 2017). Most
MOOCs are xMOOCs and these have the familiar course structure that focuses on instructor-generated content, discussion forums and self-assessments (Adams et al., 2014; Bonk et al., 2017).
One reason that the majority of MOOCs are xMOOCs is because these are typically developed
and taught by faculty from traditional higher-education institutions such as MIT, Harvard and
University of Texas at Arlington (Al-Imarah & Shields, 2019; Veletsianos & Shepherdson, 2016).

22

In MOOCs, much of the course content engagement and student-to-student engagement happens within the discussion forums (Gardner & Brooks, 2018; Martin & Ndoye, 2016; Moore
et al., 2019). This creates a rich data source that can provide unique opportunities to study
learner engagement and experience within these massive courses (Gardner & Brooks, 2018).
However, these forums also present challenges due to the amount of data that is generated.
Being able to efficiently mine this data for context, understanding and patterns is a challenge
that can be addressed through the use of text mining, specifically automated text analysis techniques and tools (Dowell, Graesser, & Cai, 2016; Gardner & Brooks, 2018; Kovanović et al., 2017;
Krippendorff, 2019; Lin, Yu, & Dowell, 2020; Moore et al., 2019).

30
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Linguistic inquiry word count (LIWC)
The Linguistic Inquiry Word Count (LIWC; Pennebaker, Booth, Boyd & Francis, 2015) is a validated tool that searches for target words or word stems from an extensive dictionary, categorizes
them into linguistic dimensions and then, converts the raw counts to percentages of total words
(Abe, 2020; Khazaei, Lu, & Mercer, 2017; Simms et al., 2017; Smith-Keiling & Hyun, 2019).
LIWC uses predetermined categories and will analyze and classify words within these preassigned
categories (Pilny et al., 2019). This dictionary approach allows for a consistent measurement of
words resulting in concurrent validity (Humphreys & Wang, 2018). LIWC has been used to look
at social media, online forums, written notes, reflections, self-introductions and admissions essays
(Oliver, Houchins, Moore, & Wang, 2020; Pennebaker, Chung, Frazee, Lavergne, & Beaver, 2014;
Robinson, Navea, & Ickes, 2013). LIWC has also been used for final course grades (Robinson
et al., 2013), group dynamics and their interactions (Van Swol & Kane, 2018), video reflections
of makerspace projects (Oliver et al., 2020), deception (Newman, Pennebaker, Berry & Richards,
2003) and interactions between people (Kacewicz, Pennebaker, Davis, Jeon, & Graesser, 2014).

2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36

Vol 0 No 0 2020

5

Clout
Clout is one of four summary variables in LIWC meant to measure the level of confidence and certainty in the text (Kacewicz et al., 2014; Pennebaker, Booth, et al., 2015). The proprietary algorithm
which calculates the clout score was developed based on results of studies focusing on personal interactions (Kacewicz et al., 2014). This focus on personal interactions makes the clout score particularly relevant in an analysis of online discussion forums. The analysis of a text using the clout
score helps to determine whether a writer is writing from a perspective of confidence and certainty
or using words more indicative of doubt and uncertainty (Jordan, Sterling, Pennebaker, & Boyd,
2019). A high clout score suggests the author is demonstrating confidence and high expertise while
a low score suggests a more tentative manner of speaking (Jordan et al., 2019; Pennebaker, Booth,
et al., 2015). It is important to note that the use of “confidence” or “tentative” is not meant to assign value propositions to what the students are saying. The clout score is not insinuating that a
tentative response is less accurate or valuable. Instead, it is identifying how comfortable and confident the speaker is about the subject they are speaking on; in a learning environment unease is
not necessarily a bad thing. In fact, researchers have found that clout scores have improved over
a course as students became more confident in their expertise and knowledge (Zhu, Herring, &
Bonk, 2019). Students who are referring to others’ work or how they have connected to others’
work, may have a higher clout score as they would use more “we” and “you” pronouns, compared
with those whose work was not social using “I” first-person singular pronouns (Adaji & Olakanmi,
2019; Duncan, Chohan, & Ferreira, 2019; Oliver et al., 2020). Using more outward-facing words,
the poster is demonstrating that they are more focused on the people that they are interacting with
versus themselves (Adaji & Olakanmi, 2019). Understandably so, this type of interaction would be
ideal in a discussion forum and foster the type of interaction and engagement that is necessary for
knowledge construction. Clout has also been described as an indication of expertise in professional
settings (Newman et al., 2016), a barometer for relative social status or leadership (O’Dea, Larsen,
Batterham, Calear, & Christensen, 2017) and even a bellwether for bias (Hagiwara, Slatcher, Eggly,
& Penner, 2017). The role of clout has been examined in a variety of contexts including education (Moore et al., 2019; Oliver et al., 2020; Smith-Keiling & Hyun, 2019; Smith-Keiling, Swanson,
& Dehnbostel, 2018), mental health (O’Dea et al., 2017; Tadesse, Lin, Xu, & Yang, 2019), dreams
(Bulkeley & Graves, 2018), social hierarchies (Kacewicz et al., 2014) and bias (Hagiwara et al., 2017).
Cognitive processing
Unlike the summary variable clout, cognitive processing is a dimension made up of specific target
words. In total, there are 797 words that are indicative of cognitive processing that can be further
© 2020 British Educational Research Association
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divided into sub-scores of insight, causation, discrepancy, tentativeness, certainty and differentiation (Figure 1; Pennebaker, Booth, et al., 2015; Pennebaker, Boyd, Jordan, & Blackburn, 2015).

1

Causation words (eg, “because,” “effect” and “hence”) and insight words (eg, “think,” “know”
and “consider”) have been related to an individual’s active processing of events and have been
present at higher levels within emotional and traumatic writing, as the individual is creating
explanations for difficult cognitive processes (Tausczik & Pennebaker, 2010). Furthermore, studies have found that tentative words (eg, “maybe,” “perhaps” and “guess”) and filler words (eg,
“I mean,” “you know” and “blah”) are used more often by individuals who are not sure about
a topic, including those who are disclosing an event for the first time (Tausczik & Pennebaker,
2010). The use of tentative words (eg, “maybe” and “perhaps”) was found to be greater among
those lower in the social hierarchy (Kacewicz et al., 2014), which seemingly has direct parallels
to the clout score.

3

Methods
We used the same data from Moore et al. (2019) and built our models with research variables
different from the previous study due to the changes in research questions. A brief overview of
the participants and context of the data are provided below.

11

Participants
This study uses data from the 671 students that made discussion forum posts in either the selfpaced or instructor-paced offerings of the Visualizing Japan (1850s–1930s): Westernization, Protest
Modernity MOOC co-offered by HarvardX and MITx. A data use agreement with the Harvard
VPAL Research Team provided the identifiable discussion forum transcripts and the self-reported
level of education and gender of participants. Students that contributed to the discussion forum
were predominantly female (53%) and highly educated, with 41% holding either a bachelor’s or
associate’s degree, 30% with a master’s and 5% with doctoral degrees.
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Context
Visualizing Japan (1850s–1930s): Westernization, Protest Modernity, is a MOOC offered as a collaboration between MITx and HarvardX and was offered in both a self-paced and instructor-paced
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Figure 1: Cognitive processing dimension and sub-scores
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method, each method sharing identical activities and objectives. The versions used in this study
were 09/01/16 to 09/31/2017 (self-paced) and 09/15/15 to 11/3/15 (instructor-paced). This
was a post hoc analysis and the researchers had no direct interaction with either the course instructors or the students.
Procedures
Through a data cleaning process, instructor posts, self-introduction posts and posts from students missing demographic (gender or education) information were removed. The final dataset
had 2423 discussion forum posts created by 671 students. This study used clout as the dependent
variable and the six sub-category scores of cognitive processing as the focal predictor variables.
More details are provided in the following sections regarding what roles other research variables
play in various linear mixed models.
Research variables
Dependent variable
Clout served as the dependent variable in each linear mixed model. Clout is one of four LIWC
summary variables and is defined as the level of confidence and certainty in the post (Pennebaker,
Boyd, et al., 2015). Clout scores are calculated by LIWC and are standardized as percentile scores
(0–100) of confidence levels exhibited by the words in the posts. Using clout scores allows for an
understanding of confidence or doubt within a specific post (Jordan et al., 2019; Kacewicz et al.,
2014).
Predictor variables
Each of the six dimensions of cognitive processing in posts were the level-1 focal predictor for
clout in various linear mixed models. The specific dimensions of cognitive processing are insight,
causation, discrepancy, tentative, certainty and differentiation (Pennebaker, Boyd, et al., 2015).
The data on the dimensions of cognitive processing represented the percent of words indicating
various cognitive processing dimensions in the posts.
Moderator variable
Course pacing was the level-2 moderator. Types of pacing in various courses were self-paced
or instructor-paced. With the use of pacing as the level-2 moderator, the focal relationship between each dimension of cognitive processing and clout was examined to see if it changed across
courses with different types of pacing or not.

28

Control variables
Gender, educational degree and type of posts were the control variables in linear mixed models.
The categories in degree consisted of high school, college, master’s and doctorate. The types of
posts were initial, response and comment.

29

Means and standard deviations of posting features used in the model appear in Table 1.
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Data analysis
Linear mixed modeling
Due to the nested nature of the data, the two-level random-intercept linear mixed models were
estimated with SPSS (Heck, Thomas, & Tabata, 2014; West, Welch, & Galecki, 2015). Specifically,
individual students contributed multiple posts so that the post data were nested within individual
students. In comparison with the general linear models, the linear mixed models have the advantages of flexibly including explanatory variables at different levels (eg, the post-level and the
student level) and explicitly addressing the issues of the negatively biased standard errors due to
the potential independence assumption violation in nested data (Heck et al., 2014).
© 2020 British Educational Research Association

53.24 (23.65)
53.06 (23.37)
51.34 (25.30)

54.27 (23.78)
52.10 (24.17)
52.92 (23.56)
54.53 (22.34)

53.63 (24.18)
52.16 (23.52)

52.08 (24.11)
53.80 (23.46)

3.75 (3.89)
3.57 (3.65)
4.00 (4.81)

3.76 (4.07)
3.73 (3.83)
3.64 (3.84)
4.35 (6.14)

3.68 (4.28)
3.76 (3.69)

3.63 (3.59)
3.84 (4.41)

Insight

Note: Numbers in parentheses are standard deviations.

Pacing
Self (n = 1349)
Instructor (n = 1078)
Gender
Male (n = 1136)
Female (n = 1291)
Degree
High School (n = 435)
College (n = 1105)
Master (n = 803)
Doctorate (n = 84)
Type of posts
Initial (n = 1138)
Response (n = 879)
Comment (n = 410)

Clout

2.04 (2.82)
2.09 (2.58)
2.05 (2.82)

1.97 (2.37)
2.11 (2.92)
2.04 (2.65)
1.97 (2.85)

2.16 (3.05)
1.97 (2.42)

1.95 (2.52)
2.20 (2.97)

Causation

1.25 (1.93)
1.18 (2.04)
1.39 (2.02)

1.38 (2.01)
1.19 (1.93)
1.29 (2.05)
0.95 (1.94)

1.25 (1.94)
1.25 (2.02)

1.22 (2.00)
1.29 (1.97)

Discrepancy

Table 1: Descriptive statistics of posting characteristics

2.76 (3.20)
2.89 (3.23)
3.10 (3.66)

2.88 (3.30)
2.89 (3.41)
2.84 (3.17)
2.80 (2.99)

2.84 (3.36)
2.89 (3.24)

2.83 (3.34)
2.91 (3.25)

Tentative

1.21 (2.13)
1.51 (4.51)
1.34 (2.65)

1.49 (5.09)
1.44 (3.15)
1.34 (2.05)
1.11 (1.88)

1.34 (2.99)
1.34 (3.50)

1.40 (3.86)
1.26 (2.34)

Certainty

2.75 (3.13)
2.87 (2.93)
3.34 (3.62)

2.95 (3.69)
2.91 (3.05)
2.92 (3.04)
2.19 (2.48)

2.65 (3.02)
3.11 (3.25)

2.89 (3.24)
2.90 (3.05)

Differentiation
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Model specification
The level-1, post-level models contained each cognitive processing dimension of the posts, one at
a time, as the focal predictor variable and type of post (TP) as the control variable. In the level-2,
student-level models, gender and degree were specified as the explanatory variables for the level-1
intercept alongside the random intercept so that they could serve as the level-2 control variables.
Furthermore, type of pacing was specified as the explanatory variable for the level-1 intercept
and the regression coefficient of the focal predictor variable to examine if the focal relationship
between a cognitive processing dimension and the dependent variable, clout, changed across
types of course pacing. Accordingly, type of pacing (Pacing) played the role of the moderator
variable in the full linear mixed models. The following are the level-1 and level-2 models with
Insight as the focal predictor variable. Similar models were specified for the other five dimensions
of cognitive processing respectively. Depending on whether there was the moderator effect of type
of pacing (Pacing), similar linear models without the moderator variable were specified in subgroup analyses or complete-data analyses to evaluate the focal relationship between a cognitive
processing dimension and clout.
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Research Question 1 (Moderator effect analyses).
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Level-1 model: 𝐶𝑙𝑜𝑢𝑡𝑖𝑗 = 𝜋 0i + 𝜋 1i 𝐼𝑛𝑠𝑖𝑔ℎ𝑡𝑖𝑗 + 𝜋 2i 𝑇 𝑃 𝑖𝑗 + 𝜀𝑖𝑗
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Level-2 model: 𝜋
 0i = 𝛾 00 + 𝛾 01 𝑃 𝑎𝑐𝑖𝑛𝑔 i + 𝛾 02 𝐺𝑒𝑛𝑑𝑒𝑟i + 𝛾 03 𝐷𝑒𝑔𝑟𝑒𝑒i + 𝜁 0i

15

𝜋 1i= 𝛾 10 + 𝛾 11 𝑃 𝑎𝑐𝑖𝑛𝑔 i

16

Research Question 2 (Sub-group analyses by pacing).

17

Level-1 model: 𝐶𝑙𝑜𝑢𝑡𝑖𝑗 = 𝜋 0i + 𝜋 1i 𝐼𝑛𝑠𝑖𝑔ℎ𝑡𝑖𝑗 + 𝜋 2i 𝑇 𝑃 𝑖𝑗 + 𝜀𝑖𝑗

18

Level-2 model: 𝜋 0i = 𝛾 00 + 𝛾 01 𝐺𝑒𝑛𝑑𝑒𝑟i + 𝛾 02 𝐷𝑒𝑔𝑟𝑒𝑒i + 𝜁 0i

19

𝜋 1i=𝛾 10

20

Research Question 3 (Complete-data analyses).

21

Level-1 model: 𝐶𝑙𝑜𝑢𝑡𝑖𝑗 = 𝜋 0i + 𝜋 1i 𝐼𝑛𝑠𝑖𝑔ℎ𝑡𝑖𝑗 + 𝜋 2i 𝑇 𝑃 𝑖𝑗 + 𝜀𝑖𝑗

22

Level-2 model: 𝜋 0i = 𝛾 00 + 𝛾 01 𝐺𝑒𝑛𝑑𝑒𝑟i + 𝛾 02 𝐷𝑒𝑔𝑟𝑒𝑒i + 𝜁 0i

23

𝜋 1i=𝛾 10

24

Model estimation
The Restricted Maximum Likelihood (RML) estimation method (Singer & Willett, 2003) was adopted to obtain the unbiased estimates of covariance parameters (Heck et al., 2014).

25
26
27

Tests of model parameters
The statistical significance of fixed-effect parameter estimates was determined by the t-test (Heck
et al., 2014) with the alpha level of .05.

28
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30

Results
The purpose of the study was to further explore the negative relationship between cognitive processing and clout first reported by Moore et al. (2019). The results of the linear mixed models are
summarized in Table 2.
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Insight as the focal predictor
The results suggested the moderator effect of pacing on the focal relationship between insight
and the dependent variable (Clout) after controlling for gender, degree and TP, t(2416.46) = 2.45,
p = .014 and b = 0.60. Accordingly, the focal relationship between insight and clout would differ
between the self-paced course and the instructor-paced course.
© 2020 British Educational Research Association
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Table 2: : The focal predictive relationship between each cognitive processing and clout with or without regard to
course pacing

1
2

Predictor

Moderator effect of pacing

Focal relationship

3

Insight

Yes

4

Causation

Yes

Tentative

Yes

Certainty
Differentiation

No
No

Self-paced: Negative
Instructor-paced: Negative
Self-paced: Positive
Instructor-paced: Zero
Self-paced: Negative
Instructor-paced: Zero
Negative*
Negative*

1

*Indicates statistically significant.

5
6
7
8
9
10

The subgroup analysis by pacing was implemented to get a closer look at how the focal relationship changed across courses of different pacing after controlling for gender, degree and TP.
Insight was negatively related to clout in the self-paced course, t(1337.32) = −5.20, p < .001 and
b = −0.95, and in the instructor-paced courses, t(1337.32) = −2.27, p = .024 and b = −0.35.
Therefore, the posts with a higher percent of insight words were less likely to exhibit more clout
in both the self-paced and instructor-paced courses. However, the above negative relationship was
stronger in the self-paced course given the larger fixed-effect estimate in absolute value (ie, −0.95
vs. −.035).

11
12
13
14
15
16
17

Causation as the focal predictor
The moderator effect of pacing on the focal relationship between causation and clout, after controlling for gender, degree and TP, was supported, t(2415.69) = −2.76, p = .006 and b = −0.98.
Therefore, the focal relationship between causation and clout of posts was further examined in
the self-paced course and the instructor-paced course respectively.

18

In the subsequent subgroup analysis by pacing, for the same TPs by students of the same gender
and degree level, the relationship between causation and clout was present and positive in the
self-paced course, t(1338.40) = 3.20, p = .001 and b = 0.83, but not in the instructor-paced
course, t(1069.69) = −0.70, p = .482 and b = −0.17. Accordingly, in the self-paced course, the
posts with a higher percent of causation words tended to show more clout as a whole.

22

Discrepancy as the focal predictor
Pacing did not moderate the focal relationship between discrepancy and clout after controlling
for gender, degree and TP, t(2408.87) = 1.59, p = .112 and b = 0.78. As for the focal relationship
between discrepancy and clout, it was statistically significant and negative, t(2407.06) = −3.27,
p = .001 and b = −1.06. As a result, the increased percent of discrepancy words was accompanied by the weakened overall clout in the posts regardless of course pacing while gender, degree
and TPs were held constant.
Tentative as the focal predictor
The results supported the moderator effect of pacing on the focal relationship between tentative
and clout, after controlling for gender, degree and TP, t(2416.02) = 2.03, p = .043 and b = 0.60.
In light of the varying focal relationship across course pacing, the focal relationship between tentative and clout was further examined in the self-paced course and the instructor-paced course
respectively.
© 2020 British Educational Research Association
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Based on the subgroup analysis by pacing, the relationship between tentative and clout was found
to be negative in the self-paced course, t(1331.93) = −4.17, p < .001 and b = −0.82, but nil in
the instructor-paced course, t(1066.30) = −0.91, p = .366 and b = −0.20, after controlling for
various control variables. Accordingly, the posts with a higher percent of causation words tended
to show stronger clout in the self-paced course.
Certainty as the focal predictor
Pacing did not moderate the focal relationship between certainty and clout after controlling for
gender, degree and TP, t(2403.39) = 0.64, p = .524 and b = 0.22. In addition, the focal relationship between certainty and clout was statistically significant and negative, t(2313. 19) = −1.97,
p = .049 and b = −0.33. Therefore, for the same TPs by students of the same gender and degree
level, the increased percent of certainty words tended to align with the decreased overall clout in
the posts within courses of both types of pacing.
Differentiation focal predictor
The focal relationship between differentiation and clout after controlling for gender, degree and
TP did not change across types of pacing, t(2410.02) = −0.53, p = .598 and b = −0.15. As to the
actual relationship between differentiation and clout, it was statistically significant and negative,
t(2411.36) = −17.66, p < .001 and b = −3.21. Specifically, the increased percent of differentiation words are likely to be accompanied by decreased clout in posts for the courses of both types
of pacing with gender, degree and TPs being held constant.
Discussion
This study used the sub-scores of cognitive processing as predictor values for our variable of interest, clout. We were particularly interested in this relationship for several reasons. First, clout is a
reflection of a poster’s orientation—whether that is inward or outward facing—and their status
(both real and perceived) within the group (Kacewicz et al., 2014; Oliver et al., 2020). The use
of these sub-scores for cognitive processing allowed us to better understand the types of words
that were affecting the negative relationship between clout and cognitive processing (Moore et al.,
2019). Ultimately, we found that five of the six sub-scores of cognitive processing were negatively
associated with clout scores. Some of the negative associations were moderated by the pacing
condition, but for three sub-scores that was not the case. The three sub-scores—discrepancy, certainty and differentiation—had a statistically significant negative association not moderated by
pacing and are discussed below.
Discrepancy
We found that posts with an increased number of words classified as showing discrepancy, words
such as “should” or “would,” had lower clout scores. Understanding that it is impossible to thoroughly read through all the discussion transcripts, the discrepancy sub-score can be useful for
evaluating demonstration of student knowledge. The words in this category are typically associated with students that are uncertain of their answers and may be using vague language to mask
their lack of understanding (Williams & D’Mello, 2010). The fact that an increase in this score
would show a lower clout score makes sense because clout measures confidence and certainty
in a post. Additionally, scores that are high in clout will feature more “we” words, be outward
facing, refer and connect to others’ work, and include fewer discrepancy words (Cohn, Mehl, &
Pennebaker, 2004; Jordan & Pennebaker, 2017; Kacewicz et al., 2014; Oliver et al., 2020). We
also found that higher frequency use of less confidence-inducing words found in the discrepancy
sub-score (eg, “hope” and “would”) resulted in lower clout scores.
© 2020 British Educational Research Association
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Certainty
The negative association between the certainty sub-score and clout is confusing at first. The initial
thought is that since clout is about how confident or certain a post is, that certainty words would
increase this score. We found the opposite to be true—the more certainty words, the lower the
clout score. The difference is likely attributable to the way the scores are calculated. The certainty
score is looking for specific words, while clout is looking more at how the words are being used
(eg, parts of speech and phrases). Words that demonstrate certainty, words such as “always,”
“never” or “clearly,” have a certain level of finality and assertiveness. These types of assertions
can be perceived as less analytical and more subjective, which results in the poster being perceived
as not open to discussion (Momeni, Haslhofer, Tao, & Houben, 2015). Other researchers have
also found that high use of certainty words are indicative of higher levels of irony or satire (Ravi
& Ravi, 2017). The use of certainty words may not foster the type of discussion and engagement
that one would find with the more inclusive language found in higher clout scores. Thus, it follows that in our analysis of discussion forum posts, we found that higher levels of certainty words
resulted in lower clout scores.

1

Differentiation
Just as certainty words can contribute to less discussion and engagement, the same can be true
for differentiation words. Words in this category include “exclude” and “despite” which are considered negative words in a discussion post. We found that posts using more words that indicated
differentiation (eg, “exclude” and “despite”) resulted in lower clout scores. Our findings support
those found by Pilny et al. (2019) where a relationship was established between a poster’s confidence in their answer and lower clout scores; in that the less certain (clout) a poster was the more
differentiation words they used. It follows that the more confident or differentiating a post is, the
less opportunities exist for engagement and interaction within the discussion forum.

13

Limitations
Likely the greatest limitation within this study is central to the very purpose of the study itself,
which was to further explore the negative relationship between cognitive processing and clout
first reported by Moore et al. (2019). Clout, being a summary variable, does not have a specific
definition and thus the resultant data of the LIWC algorithm which generates the four LIWC
summary variables must be taken at face value or interpreted in conjunction with other more
transparent variables (Newman et al., 2016). Another limitation of LIWC is that it uses a dictionary approach––meaning it matches words based on predefined categories instead of analyzing
the text for contextual clues (Pilny et al., 2019). While this approach is particularly helpful for
efficiently analyzing a large corpus, such as we had in our study, it does present some analysis and
interpretation challenges. This limitation leaves LIWC analysis open to criticism as concepts like
deference and humility could be analyzed by LIWC as being low in a summary variable such as
clout. For example, in our study, words within the tentative sub-category of cognitive processing
showed a negative relationship to clout. But in practice, the expression of deference and humility
are generally considered to be associated with greater confidence, as in higher clout. While the
analysis of posts for clout scores can be a helpful indicator of student comfort level, it should not
be used as a definitive measure.
Implications and recommendations
Despite the limitations of fully understanding the components that make up clout, our study has
provided a deeper understanding of the relationship between cognitive processing and clout. The
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clout score is of interest for instructors as it can show a level of confidence in student responses.
As previously noted, when students are hedging their answers and being vague (discrepancy
words), their clout scores go down. Ideally, an instructor should want to see both high clout and
high cognitive processing scores, as both are positive attributes within a learning environment.
As our study has identified, five of the six sub-scores of cognitive processing were shown to negatively impact clout, but one category was positively associated: causation. Thus, a potential way
to increase clout among students is by developing discussion forum prompts that facilitate the
words found within the causation category. Examples of words in this category are “create,” “because” and “effect.” To foster use of those words, prompts could be framed in such a way as to
limit personal opinion while emphasizing consensus-building and teamwork, potentially counteracting some of the negative attributes associated with high-clout posts found in this study.
One way to do this is to focus on the application of content knowledge to a real-world example, as
this can change the focus from being inward facing to more outward facing. Additionally, instructors could consider using avatars in discussion forums, as several studies within the game-based
learning and online-based instruction space indicate that the use of avatars has novel effects on
user self-confidence (Falloon, 2010; Liu, Liu, Wang, Chen, & Su, 2012). The use of avatars could
allow students to contextualize situations in a way that, while personal to the poster, is abstracted
in the student’s representation of themselves within the discussion space. This, combined with
the explicit suggestion by prompts or teacher intervention to use words that would be found in the
causation category, could lead to replies and posts which foster further interaction as the focus
would be on more social words that invite further discussion such as first-person plural (eg, “we”)
or second-person versus first-person singular (eg, “I”) pronouns. These plural pronouns and the
use of second-person voice have been found routinely in posts with higher clout scores (Jordan &
Pennebaker, 2017; Kacewicz et al., 2014), thus indicating that there exist potential activities and
instructional designs that can find the balance between high clout and high cognitive processing
within a robust discussion space.
Conclusion
The global pandemic COVID-19 has demonstrated that online learning will be increasingly turned
to in the future (Hill, 2020; Hodges, Moore, Lockee, Trust, & Bond, 2020; Moore, 2020). As more
learning happens in online contexts, identifying efficient and effective ways to analyze online
learner interactions will be important. This study adds to the empirical evidence for how text mining, specifically automated text analysis, can be leveraged to better describe, understand and predict demonstration of student learning within MOOC discussion forums. We were interested in
identifying the ways to measure clout and cognitive processing and specifically identifying ways
to improve both scores. We knew from previous research that there was a negative relationship
between clout and cognitive processing (Moore et al., 2019), but we did not know which specific
aspects of cognitive processing were negatively associated. This study identified that five of the
six sub-scores of cognitive processing were negatively associated. We further found that the use
of more words in the discrepancy, certainty and differentiation categories would result in lower
clout scores. Understanding the types of words that were lowering clout scores helps inform ways
to raise these scores. If students take these actions, their posts will show not only higher clout
scores but also higher cognitive processing scores. Future research should explore the parts of
speech, for example, personal pronouns and papers that are influencing the clout scores. Armed
with this knowledge, more specific recommendations can be made to help students improve their
posts and further demonstrate their mastery of the text while also creating more opportunities for
engagement within discussion forums.
© 2020 British Educational Research Association
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